Abstract-This work proposes an algorithm for air pollutant source localization using an Unmanned Aerial Vehicle (UAV). The algorithm combines a gradient-based search with a probabilistic method to localize the pollutant source. The design of the gradient-based search component is based on the simulated annealing metaheuristic and allows to trace the plume of pollutant. The probabilistic component contributes to generate a heuristic position of the source location, which is used by the gradient-based metaheuristic to navigate towards the source position, reducing the searching region at each sampling time. The proposed algorithm was tested in a simulated polluted environment. The results showed high effectiveness and robustness of the proposed strategy.
I. INTRODUCTION
The air pollutants source localization can be crucial in events such as the releasing of toxic, poisonous or odorless gases due to industrial accidents, where the rapid location of these sources could prevent big disasters. Many of these tasks cannot be performed by humans due to hazardous or inaccessible spaces. For instance, congested industrial buildings make very difficult to find the location of the source emitting the hazardous pollutant, which cannot be measured at ground levels. In this context, a UAV provides several advantages such as: low cost, security, flexibility and easiness of deployment.
Location of the pollutant sources represents a challenge since the environment is very complex. The searching region is, in many times, very large and the effectiveness in locating the source could depend not only on the movements of the UAV but also on the unknown and time varying pollutant distribution, i.e. discontinuous and intermittent, in the space and time. The searching process requires an adaptive mission planner which can guide the vehicle in response to the sensor information, considering the aerial platform restrictions such as the battery endurance and the computational resources.
Several works have been conducted for pollutant plume tracing using UAVs, many of them limited to simulations [1] , [2] , [3] . The existing solutions are based mainly on the gradient algorithms [4] , [5] , which require at least two spatially separated measurements, that can be obtained by using multiple sensors onboard the vehicle or using multiple measurements separated in time and space with a single sensor. These methods attempt to solve the problem based on instantaneous or very recent measurements acquired at the vehicle location. Also, these methods assume that the UAV starts with some knowledge of the plume location or the UAV is close to or within the plume.
Recent efforts for pollutant concentration monitoring have been made using multiple UAVs under coordinate and cooperative approaches. The research presented in [5] shows an algorithm for pollutant concentration monitoring in specific areas using the metaheuristic chemotaxis approach and particle swarm intelligence. Simulation results using a UAV show higher performance about the algorithm proposed against the mobility patterns: Spiral and billiard, with the advantage of covering in better way the most polluted areas. Authors of [6] present concepts for UAVs formation and control strategies for monitoring industrial emissions: oil spill and pollutant particle cloud tracking. Simulations for three UAVs were performed, under the leader-follower approach. The research presented in [7] shows a system with multiple UAVs for the level detection of nuclear radiation by tracking predefined waypoints. Additionally, the contour mapping of the nuclear radiation was performed. The nuclear radiation detection was experimented using a cooperative approach using two UAVs and the contour mapping was simulated. The work presented in [8] proposes a strategy for source localization using multiple coordinated quadrotors. This solution is based on cyber and physical parts, referred to the control law part and the quadrotors, respectively. The designed controller uses the information of the flow velocity, the gradient and divergence of the pollutant concentration at the position of the UAVs, to find the path towards the counter direction of the pollutant plume propagation. The solution was evaluated using simulations.
The gradient-based algorithms could be ineffective in a turbulent environment given the too coarse sampling of the UAV, relative to the spatial and temporal rates of change in the environment. Many of the gradient-based strategies proposed to find the concentration of pollutant are based on the behavior of insects or bacteria to foraging or pheromone tracing, hence the naming of these algorithms as bio-inspired [9] , [10] , [11] , however for biological entities (e.g. moths), the conclusion of plume tracing may not be based on olfactory sensor alone, but could be aided by vision, sight, auditory, and/or tactile cues.
This work proposes an algorithm for the air pollutant source localization, that combines the gradient-based strategy and a probabilistic method. The gradient-based component is used to trace the plume of the pollutant, while the probabilistic component helps to concentrate the searching to the areas with high probability to find the source location. The gradient-based component is based on the simulated annealing metaheuristic technique. The probabilistic component is based on the work presented in [12] , which uses the Bayesian method to build and update a probability map of the pollutant source location, with each new sensor information available, while the UAV navigates in the environment.
The remaining content of this work is organized as follows. Section II describes the pollutant distribution model that is used to test the proposed solution of pollutant source localization. Section III presents the design of the algorithm to localize the pollutant source, which integrates the gradientbased strategy and the probabilistic methodology. Section IV presents the experimental design and the results of the simulated tests. Finally, the conclusions are shown in Section V.
II. POLLUTANT DISTRIBUTION MODEL
The pollutant distribution model used in this work is based on the particles diffusion model presented in [13] , [14] , which depends on two assumptions: 1) Conservation of numbers of particles; and 2) The relation between the flux and the density. Let ψ( #» X, t) denote the particle density of the pollutant at time t and position #» X. The first condition is given by the following equation:
where Γ( #» X, t) is the pollutant flux and s( #» X, t) is the source function.
The second condition is represented by the components of the flux Γ: diffusion and advection. Diffusion is due to turbulence mixing of particles well modeled under the Fick's Law:
where
is the diffusion coefficient. The advection component is the result of wind components, given by a linear equation:
is the wind velocity vector.
Altogether, the complete model of pollutant is given as:
where D is the diagonal matrix D := diag( #» D). Noise components, of two natures, were included in the environment. First, the stochastic behavior of real environment particle concentration is modeled by adding noise as a Gaussian distribution component N ( #» X, t). The second noise component is given as puffs of pollutant formed by combinations of discrete releasing from multiple sources, close to the targeted environment [1] .
III. POLLUTANT SOURCE LOCALIZATION
The proposed algorithm attempts to solve the pollutant localization problem using a combined approach of a gradientbased search and a probabilistic method. While the UAV uses the gradient-based technique, to trace increasing concentration of the pollutant, it is complemented with a heuristic position of the source location, to adjust the directions calculated by the gradient-based component, to guide the searching to the most promising regions of the pollutant concentrations.
The gradient-based technique approaches use the shortmemory information of the pollutant to trace the plume. The heuristic of the pollutant source location, hereafter named h, is calculated through a parallel probabilistic procedure, that determines the most probable location of the pollutant source, based on all the information captured in the spaces already explored.
For the design of the algorithm, the problem of the localization of the pollutant source was reduced to two dimensions. This reduction does not limit the potential of the development. Indeed, as the air pollution propagation effect in the vertical direction is much weaker than the horizontal direction [15] , the computational simplification and an effective searching area reduction is achieved, that are critical when using a limited processor and battery onboard the UAV.
A. Gradient-based Component
Air pollutant distribution can be considered as concentration levels of pollutants in space, changing over the time, and the source constitutes a maximum of the dispersion function. Under an optimization approach, intelligent algorithms can be adapted to trace the pollutant plume to localize the maximum of the dispersion function. Here is proposed the use of a trajectory-based metaheuristic: the simulated annealing (SA) [16] , [17] .
Since the environment is variant and the UAV is energydependent and constrained to velocity in the movements, special consideration to the SA algorithm design are required to reduce the reality gap. A key consideration is that unlike a general operation of the SA metaheuristic, its implementation to trace the plume of pollutant using a UAV is limited to explore the new positions close to the actual position of the vehicle, given its constraints. In addition, the UAV cannot reach instantaneously the positions calculated by the algorithm, although can capture useful information while it navigates towards the set positions. Also, continuous rotations of the UAV are undesirable, since it consumes energy, helpful to explore other spaces. Finally, the number of the iterations available for the search is limited by the UAV battery charge. Fig. 2 shows the design of the SA algorithm proposed, which is represented by the processes in blue. When the increasing gradient of pollutant concentration is found, i.e ∆ψ = ψ k − ψ k−1 > , with defined according the sensor characteristic (zero drift), the direction of motion of the UAV is towards the contamination concentration. Otherwise, the UAV moves in the wrong direction. However, since the system is stochastic, there is a probability that the current direction will remain as the correct one. This probability is assigned as:
where T , called the current system temperature (initially assigned as T 0 ), decreases at each iteration as:
where ∆T , is selected to maintain T greater than zero during the whole searching routine. If λ (defined over the uniform probability distribution U (0, 1)) does not exceed the evaluation of Λ(T ) given by Eq. (5), the UAV stays in the current direction. Besides to compensate the stochastic behavior of the plume of pollutant, this probabilistic parameter helps the UAV to avoid continuous heading.
B. Probabilistic Component
The gradient-based SA strategy demands to know the probable position of the pollutant plume. Otherwise, the UAV navigates in arbitrary directions. In addition, when the UAV loss the direction with ascending gradient, a new direction is required in the tracing process. These issues are solved using a heuristic position of the source location h, which is calculated from a likelihood map for the location of the source (LMLS), created following the work presented in [12] .
The construction of the LMLS is based on the Bayesian methodology. This methodology assumes that the UAV can read the pollutant and the wind vector in its position. In this algorithm, the first step is to create the LMLS representation, dividing in cells the targeted environment. Let us denote the X and Z axis, according to the environment shown in Fig. 1 . Splitting the total area of the environment in rectangular cells, with longitudes L x and L z , in the X and Z directions respectively, the m × n cellular subdivisions can be obtained. The resulting cells are defined by the vector C = [C 1 , ..., C M ], where M = m × n, and the element C i represents the position (x i , z i ) of the center of the cell i.
The goal in this step of the algorithm, is to estimate a vector α i that represents the probability of the source location at cell C i C. In this work, a unique source is assumed to existing, i.e. P (α i ) = 1.
Let A i be the event of a source being located in cell C i when the UAV, which is on cell C j , detects (event D j (t q )) or not (eventD j (t q )) the contaminant at time t q . Note that the sensor information is binary, which is defined using a threshold, and define a vector of events, e.g. B(t q−1 ) = {D j1 (t q−1 ),D j2 (t q−2 ), ..., D jq (t 0 )} of detection and non-detection events from t 0 to t q−1 . Let {α(t q−1 ) = P (A i |B(t q−1 ))} M i=1 represent the LMLS based on detection and non-detection events B(t q−1 ) between time t 0 and t q−1 . The aim is to update the probabilities in A Fig. 1 . Cells representation of the divided targeted area using the events in B. To update α i , the detection D and non-detectionD events are included as follows:
and
where U (P uav (t i )) herein represents the wind vector measured by the UAV at the time t i and µ is the probability of detecting pollutant in cell C j given that there is a detectable pollutant in that cell. Further explanations are presented in [12] , including the deductions of each equation and the optimization of the numerical processing. Fig. 2 shows the complete proposed algorithm which integrates the heuristic of the source position h, calculated on the base of the LMLS, to the SA algorithm. The processes in blue, represent the gradient-based component (SA) and are performed with frequency 1/t k . The processes in red are executed with frequency 1/t q , with tq << tk, and represent the probabilistic component and the estimation of the source position. The gradient-based component, generates the waypoints p k at each time t k , to guide the UAV towards the source location. The probabilistic component is processed at each time t q , allowing the updating of h by using each information captured while the UAV is navigating among the waypoints p k . The gradient-based and probabilistic components of the algorithm are processed in parallel.
C. Integrated Algorithm
The first step of the algorithm is to get the initial heuristic (h 0 ) of the location of the source in the environment. This is solved using the LMLS calculated with an initial deterministic navigation of the UAV. The heuristic h(t k ) of the source location is the position with the highest probability in the LMLS at time t k . The next steps guide the algorithm to use h obtained from LMLS, which is continuously calculated according to new binary sensor information, the wind vector and the Bayesian methodology presented before.
The gradient-based process loop calculates the positions to move the UAV among the waypoints p k . To verify increasing concentration of pollutant, between the positions p k−1 and p k , the historical information captured in
The path planning algorithm helps in the navigation of the UAV to reach each waypoint p k calculated in the metaheuristic loop. In this work, the D* Lite replanning algorithm presented in [18] was included, which is fast and adaptive for dynamic unknown terrains. The path planning grants the finding of the shortest path among the waypoints but avoiding any possible obstacles. This algorithm depends on partial information of the environment and the obstacle detection sensors in at least one direction, however this approach goes beyond the scope of this work, where the experiments were limited to obstacles-free environment, and the path planning calculates straight trajectories among the positions p k .
To calculate the source location, at each time t q , the historical information of concentration measurements was used. The centroid of the three positions with the highest concentration of pollutant represents the source location. If insignificant concentrations were found in the whole searching process or the procedure stops when the initial deterministic navigation has not finished, the source position is defined using the LMLS, as the cell with the higher probability of containing the source.
The conditions to stop the algorithm are: low battery of the UAV, very high concentration of pollutant found, maximum number of waypoints set by the user and emergency stopping. Independent of the stopping condition and time, the proposed method always return the most probable position of the source.
D. Inclusion of the Heuristic
When the UAV is searching for the plume pollutant or when the vehicle has lost the direction of increasing pollutant concentration, the calculation of the new waypoint is influenced by the direction to the heuristics position h(t k ) as follows:
where γ is the resolution of the UAV movements, β allows small deviations to compensate the stochastic behavior of the To complete the algorithm, if the UAV found a direction of increasing pollutant concentration, the vehicle decides to follow this direction and the new position is calculated as follows:
where θ k is the current direction of the vehicle.
IV. EXPERIMENTS AND RESULTS
The proposed strategy for the air pollutant source localization was tested in a two-dimensional polluted environment. The performance of the algorithm is measured by the distance from the real source location to the source position estimated by the algorithm. Figure 3 presents the overall indoor environment where the final tests are aimed to be performed experimentally. This system consists of a quadrotor Q-ball (Quanser) with a QuaRC-powered Gumstix embedded computer onboard, for the real-time control of the vehicle. Because the lack of GPS signals indoor, a network of 24 Opti-Track cameras, is adopted for providing position and orientation information to UAV and a ground station for command allocation and real-time data display [19] , [20] . Given the limited testing area, the numbers of waypoints were restricted to a maximum of 50 for each experiment. These characteristics are used to simulate the quadrotor and the polluted environment for the initial tests of the algorithm, using simulations.
A. Experiment Design
A simulated polluted environment with high advection was used, according to the dispersion model of pollutant previously explained, including dispersion, wind effects and stochastic noises.
The parameters selected for the LMLS of the experiments were: L x = 10 cm, L z = 10 cm, σ For the simulation 1 the source was located at (Z, X) = (180, 180) cm, and the algorithm calculated this position at (Z, X) = (170.4, 181.7) cm, therefore the distance error is 9.7 cm. For the simulation 2 the source was located at (Z, X) = (170, 50) cm and the algorithm estimates this position at (Z, X) = (158.1, 48.69) cm therefore the distance error is 11.9 cm. Note that the last position of the UAV does not represent the position of the source estimated, since the historical data are used to calculate this position, as explained before.
The LMLS is updated on each time, using the information of the trajectory of the UAV. This is useful for the application in a real environment, when the source position could not be reachable to the UAV, but could be estimated based on information given by the LMLS.
The distances among the waypoints generated were restricted to a resolution of γ = 20 cm. This resolution is expected to be apply in the indoor environment, given the dimensions of test area and of the UAV. Also, for the outdoor environment, a minimum distance among the waypoints will be necessary since the typical GPS devices have low resolution. This fact, however complicates the searching, since when the algorithm finds the direction of the positive gradient of pollutant, it follows this direction to calculate the new waypoint with the defined resolution and the vehicle has high probabilities of leave the plume of pollutant.
As the algorithm is based on a combination of two approaches, the resolution constraint among the waypoints was outperformed successfully. The heuristic position of the source location aided to maintain the exploration to the most promising areas while the gradient-based component explores the increasing gradient of pollutants in these areas.
For real environments, which could include static or dynamic obstacles, the resolution constraint will allow to integrate a path and trajectory planning algorithms to guide the vehicle among the waypoints towards the estimated source position. Main requirements to implement the proposed strategy in the outdoor environment are: the wind vector estimation on each position of the UAV and the correct measurements of the pollutant using a single sensor onboard the UAV.
The proposed strategy for the air pollutant source localization is not comparable with the methods defined in related works explained before, since their main goal is more related to pollutant plume tracking without considering the plume source localization.
V. CONCLUSION AND FUTURE WORK
This work presented an algorithm for the pollutant source localization using a UAV, which takes advantages of the greedy-based methodology to trace the pollutant plume and a Bayesian methodology to create a probabilistic map of the source location. The algorithm was tested in a simulated pollutant source with high turbulence, approximating the dynamics in a real environment. The results showed high performance and robustness of the algorithm, since the UAV was able to find the pollutant source with different environment conditions and without changing the parameters of the algorithm. Future work aims to perform the experimental tests in the indoor polluted environment using the real quadrotor. 
